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Abstract

Lestravauxprésenésconcernenta sggmentatiorde zoneshydriquespar la méthodegéonétriquedes
contouss actifs. Nousappliquonscettetechniquea desimagesradar et établissongin ensemble@ptimalde
parametresd’opération. Nosrésultatsnontientunedélingationprécisedescontouss d’'unezonehydrique
a partir d’'un simplepixel d’'amorce. Nousmontonsquela méthodeesttresstablepar rapportau choixdes
parametresce qui enfait unboncandidatpour uneimplémentatiorautomatique

In this work, we presentsegmentatiorof floodedareadetectionin spaceborné&SARImages. We showthat
thegeometricsnalesmethods robustto achievethe sggmentationvhenappliedto that kind of images.

Our resultsshowan exactseggmentatiorof hydiousareaedgesfroma singlepixel seed We showthat the
methods robustwith respecto parametervaluesmakingit a goodcandidatefor an automaticapproac

implementation.

1 Introduction

An essentiahability of any automaticterrestrialinter-

preterconsistin the segmentationof floodedarea. The
main difficulties with segmentationare often relatedto

the presenceof noisein the imageor to low contrast
edges. Particularly, in radarimagery most sgmenta-
tion approachearesensibleo specklenoise. This lim-

itation canbe overheadedisingfilters but with losson

edgeprecision. An efficient methodto recover edges
in animagewith suchcharacteristicés basedon active
contoursnales.

Historically, the active contourmethodwas developed
by assuminghatthecontourcorrespondso locationsof

significantintensity change[1] and by addingsmooth-
nessconstraintin attemptto regularizethe problem[2].

So, onestartswith aninitial contourandthenlooks for

admissibledeformationswvhich let it evolve towardsthe
desireccontour{3]. As pointedby Casellestal. [4], the
parametrizatiorof the curvesin the classicalapproach
donotallow to getthe geometricategularity of thecon-
tours. To solwve this problem,they proposeda new ap-

proachbasedon level set. Their work is baseduponthe
algorithmdevelopedby Osherand Sethianto track the
motion of fronts propagatingwith curvature-dependent
speed[5]. Furthermore the level set-basedpproach
presentthe advantageshattheinitial snalescanbefar
to thefinal stateandthatit canhave adifferenttopology

In the presentwork, we presentsegmentationby level
set-basednales.We usethegeneraimodelproposedy
Yezzietal. [6]. Thisapproachs appliedto thesegmen-
tation of floodedareain spaceborn&AR images. We
shaw thatthemethodis robustwith respecto parameter
valuesandgivesan exact sggmentatiorof hydrousarea
edges.

In the next section,we describethe formalism of the
level set-basednales. Beginning with a brief descrip-
tion of theclassicabnalesapproachwe describeheex-
tensionmadeby Osherand Sethian[5] andby Caselles
et al. [4] whenthey introducedthe level setversion.
Then, in the third sectionwe describethe application
of thelevel set-basednale methodto radarimages.We
focuson hydrousareasegmentation.From our results,



onecanconsiderthis methodasa goodcandidateor an
automaticapproachmplementation.

2 Active Contours

2.1 Classical Snakes

The classicalformulation of snalesinvolvesa simple
paradigmbasedon the minimizationof anenegy func-
tion. Generallyspeakingthe methodconsistsn associ-
atingto a parametriccurve C () in atwo-dimensional-
image (representedby the pixel coordinates(z,y) —
v € [0,1]) anenegy E(C) thatis assumedo take the
form

E(C) = Exn(C) +V(C) 1)

Theterm E;,. (C) is theinternalenegy of thecurve and
is independenbf the underlyingimage. Essentially it
weightsthe rigidity andtensionof the curve and con-
trolsin somesensegheinherentsmoothnesef thecurve.
Onecandescibeit asaregularizationterm. The poten-
tial V' (C) dependontheimage(i.e. the pixel intensity

I(z,y)).

Findingthe optimal contouris typically doneby adding
dynamicgo thesnale. If we allow the curveto have lo-

caldeformationsthenusingthe Lagrangiarformulation
for E(C), we canminimize theactionandfind a corre-
spondingdynamicalequationof motion. Onethenstarts
with aninitial snale andletsit evolve until somesuit-
ableconditionsaresatisfied,.e. until alocal minimum
of the potentialis reached.

Themainproblemis thattherecanbe (andthereusually
is) morethanoneminimumfor V(C). Typically, there
are local minima associatedvith noisy points, which
are punctualin the image (having a small area). The
adwantageof snale formulation is that since the dy-
namicsis controlledby the image,but alsoby a snale
tension,we canadjustthe differentenegiesassociated
with aconfiguratiorsuchthatthelocal minimumwill be
avoidedandthe snale will asymptoticallyflow towards
the global minimum. In somesensewe canthink of a
shale asanelasticbhand;whena local tensionbuilds up
causedy alocal impurity, thenit eventuallystepsover
the impurity. If, on the otherhand, the obstructionis
moremacroscopicthenit stopsthere.

This classicakbpproacthasbeensupplantedy geomet-
ric snalesfor mary reasons,one of them is that the
solution is not very stableand the initial snale needs
to be closeto the contourto detect[4]. Moreover, it
doesnot allow for splitting or meming of snaleswhich

malesthe approachnefficient whentherearetopolog-
ically non-trivial contoursin animage. The idea pro-
posedby Casellestal. [4] to bypasghis difficulty con-
sistsin geometricallyembeddinghe formulationof the
two-dimensionaturvein threedimensionsj.e. by con-
sideringthe two-dimensionakurve as a slice of a sur
facein athree-dimensionapace.Theadwantagds that
topologically the surface remainsconnectedwvhen the
two-dimensionaturve getsdisconnected.

2.2 Level Set-based Snakes

Geometricsnales,to beusedhere,arebasedon a level
setrepresentationf acurveandcanbeseerascurvature
dependenpropagatingfronts underthe influenceof a
scalarpotential.

The basicideais to consideractive contoursasa given
level of adynamicsurface.

Cly,t) = {(w, )| (w,y,t) = 0} )

Soonehave to build a differentialequationto describe
the evolution of the continuoussurfacegivenby 1. We
wantit to be suchthatthe zerolevel is attractecby the
edgein theimage. So, the surfacevalue have to cross
the zero level when the surface crossesthe edgeof a
given objectin the image. The geometricformulation
of snalesis basedon Euclideancurve shrinking equa-
tion. Essentiallythis equationgovernsthe dynamicsof
acurvethrough

ac .

T kN )
wherex is the scalarcurvatureand NV, the inward unit
normalto the curve. This equationis suchthatthe flow
of the Euclideancurvesmaximizethe shrinkingastime
goeson. Anotheruseful propertyis that the evolution
is suchthatthe curve convergesto roundpointswithout
developingsingularitiesasit flows. Physically we can
think of this equationasreducingthe protuberancesf
the curve fasterthanit doesfor the uniform partswhile
shrinking the perimeter As in the classicalapproach,
theevolution equationcanbe obtainedby anenegy op-
timization: simply by associatinghe internalenegy to
thelengthfunctionalof the parametrizeaurve:

1
-
0

Thereis not a uniqgueway to extrapolateeq. (3) on the
surface outside the zero level. Following Osherand
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Sethian[5], we introducethe inversemappingfunction,
f(z,y), definedby
K Vi) =1 (5)

Thenwe choosehe evolution of the surfaceto be given
by ¢(z,y,t) = ¢, wheret = f(z,y) for ary fixed con-
stante. As aresult,onegetsfrom eq.(3)

dy  dC
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2.3 Image Information Representation

The eq. (7) do not take into accountthe information
presentin theimage. To addthis information,one has
to introduceanimagedependaninetric, ¢, in thelength
functional.
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On the secondline, one can recognizethe Euclidean
lengthpreviouslyintroducedgeq.(4). Thesecondermis
thepotentialasintroducedby Kassetal. in theclassical
approach3] but with anexponentn andwith adenom-
inatorto cuttheeffect of largegradient.ThefunctionG
appearingn the lastintegral denoteghe presencef a
filter appliedon the image. Typically, one chooseghe
constantsx = § = 1 andthenis left with thefollowing
metric: )

oY) = T NG= D
In thatform, ¢ ~ 0 onanedgeand¢ ~ 1 overaper
fect uniform region. Minimizing the metric dependent
length,eq.(9), andsubstitutingvariableswe get

(10)

di Vy
7 —¢(V- Vo] +u> VY| + VY-V (11)
wherewe have addeda constantadwectionterm, given
by v, which causesa constantcontraction/inflationof
the front for positive/negative valuesrespectiely. The
effect of the lasttermis to attractthe evolving contour
asit approachesin edgeandto pushthe contourback
outif it passesheedge.

Usingtheformulationabove, oneof themainadwantage
of this methodis thatit allows the numericalimplemen-
tation over a discretegrid in the (z,y) plane,which is

not the casein the standardormulation. However, still
someproblemsremainit we try to discretisethe setof
equationsaively by usinga centraldifferencescheme.
As discussedby OsherandSethian5], oneneeddo re-
spectan entrofy criterion in orderto ensurethe conti-
nuity of the evolution. The solutionto that problemhas
beendiscusse@xtensiely in [5] andit requiresto sepa-
ratethelevel setequationabovein two parts:
% = Fy + F(KZ)

wherekFy is thepartnot dependingpn the curvatureand
F (k) thepartdependingnit (theseermscanbeviewed
asforces). Thenthe entrogy criterionis satisfiedif one
approximatesheconstanadvectiontermy by usingup-
wind schemeandtherestusingstandardaentralscheme
(this is describedn detailsin [7]). The latter scheme
is a generalizationof Godunar’'s method[5] and has
beenbuilded suchthatthe fronts propagateminimizing
shocks.

(12)

In addition,let usmentionbriefly thatanapparentraw-
backof theformulationis thatthe numericalcalculation
of the front evolution requiresupdatingO(N?) points
foran N x N image.This canbe substantiallyeduced
by updatingonly points closeto the zerolevel set[7],
whichwe have donein ourimplementation.

As initial conditionsfor thelevel setevolution, we usea
conecenterednapoint (zo, yo) of theform:

Y(x,y) =V (x —20)2 + (y —50)2 — d

wherethe zerolevel setis situatedat distanced from the
center So,thelevel setis chosento be neggative inside
thesnale andpositive outsideit.

(13)

The total numberof parameterqiecessaryor a given
segmentationis three (without countingparametersas-
sociatewith filters andwith theinitial condition).Letus
briefly describeheseparameters:

e v: thisis the parameteappearingdirectly in the
level set evolution equation. This is the adwec-
tion term,whenit is negative the snale will expand
whereasvhenit is positive, it will shrink. Thefirst
caseis usefulwhenwe wantto segmentcontours
from theinterior of a pattern.

e At: whenthe evolution equationis discretizedin
time, we needto seta scaleof evolution. Thevalue
of this scalecomesfrom experiencg hiddenhereis
thefactthatwe useunit spatialsteps Az = Ay =
1). If weallow it to betoo big, thenthe snale will



evolve in stepstoo largeto be undercontrolin the
imageandtypically it will stepoveredgesWhenit

is too small,thesnale will taketoo mary iterations
to move significantlyin theimage.

e n this parametercontrolsthe metric ¢ described
above. Typically it affectsthe dependancef the
metric on the contrastin the image. The typical
valueis n = 2 but, aswe will describebelow, for
certainvery low contrastcasesn = 4 is alsouse-
ful.

Althoughthis seemgo bealot of adjustablgparameters,
theirvaluesremainvery stablefor identicaltypesof im-
ages:the snalesdevelopedherearevery stableandwe
believe they could form a goodbasefor automaticseg-
mentation.

3 Application to radar images

Thefirstapplication(figure3) isanAirborneSARiImage
of the Antigonishregion betweeneasterrpart of Nova-
Scotia(CanadapndCape-Bretorisland[8]. Theimage
hasbeenacquiredin C-bandusinga HH polarization
with aresolutionof 15.6m/pix. Theimagesizeis 1122 x
434 pixels. Thegoalis to extractthe coastline.

suchthatthesnalesinflateastime goeson,v = —2. We
chooseasmallvaluefor thisadwectiontermsuchthatthe
shalesdoesnot evolve throughttheblurry coastlineson
theright side.

The resultspresentedn figure 3 hasbeenobtainedon
a300MHz Pentiumandhasnecessitaté250iterations,
150secondsf CPUtime. We usedl5initial snaleswith
a radiusof 2 pixels distributed uniformly in the hydric
area. We obsene that the coastlinehasbeenproperly
segmentedby the snales. Onecanobsene the precise
segmentatiorof the smallislandsin the down left part.

Figure3 (a) shovsa Radarsat-Imageof a portionof the
Winnipeg areaduring the Red River flood in 1997[9].

The image shavs water (black areas)over fields. The
imagehasbeenacquiredin standardmodeat a resolu-
tion of 12.5m/pix. Theimagesizeis 900 x 701 pixels.
The goal hereis to find the limits of the floodedareas,
which in this imagearethe black areas.In additionto

specklenoise, thereis a lot of interferenceobjects(in

particularroads)for contourextractionof floodedareas
in theimage.We startthe processising23initial circu-

lar snalesasshown in figure 3 (a). As previously, the
initial snaleshasbeenplacedin the hydrousareawhich

is moreuniform. As onecansee,the region limits are
highly non-trivial and our startingsnales are far from

theseggmentedmage.

Figurel: Snale evolutionafter 1250iterationsfor an experimentof coastlinedetection

We haveto dealwith apattern(hydrousareajthatis very
dark and uniform with coastlinesbeing sharpat some
places,noticeablyin the centerof the image,but being
veryblurry ontheright handside.So,in constructinghe
metric we have to choosea high exponent(seeeq. 10).
We chosen = 10, with a standarddeviation of o = 3.0
for the gaussiarfilter. The parameterslirectly associ-
atedwith thesnale evolution arethetime discretization,
At = 0.1, andtheadwectionterm. Thehydricareabeing
moreuniform thantheterrestrialarea,we puttheinitial
shalesin the hydric areaandchoosethe advectionterm

As previously, we have choseAt = 0.1 astime discreti-
sation.The standardleviationis o = 0.5. For theother
parametersywe have mademary experimentsto shav
the stability of the method,seefigures3 (b)-(f). Every
experimenthasbeendonewith inflationary snales, but
with anadwectiontermgoingfrom» = —4tov = —10.
As onecouldseethelastvalueis toohighandthesnales
don't stopattheedgesf thefloodedareabut gothrough
theterrestrialareas.We have alsoexperimentedhe ef-
fectof varyingthemetricexponenfromn = 2ton = 8.
This lastparameterasno importanteffectson the snale



evolution.

The adwectionterm seemsto be the most determinant
parameterTheresultsandthe numberof iterationsboth
dependnit. Forvaluesbetweerny = —4tov = —8, the
resultsis quite stable,but for highervalues,the snales
fail to stop at the edges. The numberof iterationsde-
creasesalmostlinearly with the value of the adwvection
term going from 500iterationsat v = —4 (80 seconds
of CPUtime on a 300 MHz Pentium)to 150 iterations
atv = —10 (18 secondf CPU time on a 300 MHz
Pentium).

4 Conclusion

In this paper we have demonstratethe applicability of
level set-basednales,for contoursegmentationin radar
images.This approachhave importantadvantagever
the standardsnalesapproach:

initial snale positioncanbefarfrom thefinal state,

shalescanmemgeandsplit,

various parameteranake level set-basedsnales
moreflexible to variousimagetypes,

they aremorerobustto noise.

Lastpointis a very importantonefor coherenimaging
like radar Edgedetectionis alwaysa difficult problem
in SAR imageswhich usually requireextensive image
pre- and post-processing.Our experimentsshav that
level set-basedsnales seemto be a viable alternatie
to edgedetectiontechniquesn SAR images especially
for semi-automatievaterterrainseparationin addition,
when implementedcorrectly the computationalcom-
plexity is quite slow asit is proportionalto the snale
length, not the imagesize (snale presentedibore took
not morethantwo minutesof CPU time to calculateon
a300MHz Pentium).

Our experimentsshow thatlevel set-base@dnalesareof
enoughpratical interestto desere further work, espe-
cially regardingthe automaticaspect®f theimplemen-
tation. For instance,a procedureto find initial "point”
snales (seedpoints) over a waterareain SAR images
could be coupledto the currentalgorithm in order to
provide anautomaticcoastlinedetectiontool. Otherex-
tensiongo the presenivork concernthe applicabilityto
otherimagemodalities.
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e)rv=-10,n=2 Hv=-10,n=28

Figure2: Experimenbf floodedareasdetection
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